Interest in the evolution of protein-protein and genetic interaction networks has been rising in recent years, but the lack of large-scale high quality comparative datasets has acted as a barrier. Here, we carried out a comparative analysis of computationally predicted proteinprotein interaction (PPI) networks from five closely related yeast species. We used the Protein-protein Interaction Prediction Engine (PIPE), which uses a database of known interactions to make sequence-based PPI predictions, to generate high quality predicted interactomes. Simulated proteomes and corresponding PPI networks were used to provide null expectations for the extent and nature of PPI network evolution. We found strong evidence for conservation of PPIs, with lower than expected levels of change in PPIs for about a quarter of the proteome. Furthermore, we found that changes in predicted PPI networks are poorly predicted by sequence divergence. Our analyses identified a number of functional classes experiencing fewer PPI changes than expected, suggestive of purifying selection on PPIs. Our results demonstrate the added benefit of considering predicted PPI networks when studying the evolution of closely related organisms.
Introduction
Physical and genetic interactions are fundamental to the understanding of cell biology [1] [2] [3] . Proteins seldom work in isolation, but rather function via their interactions with other proteins through both transient interactions, such as those that mediate phosphorylation, and more permanent interactions, like the formation of protein complexes. As a result, changes in protein-protein interactions (PPIs) can have important consequences for organismal fitness: several disease causing mutations are known to disrupt PPIs [4, 5] , and single nucleotide polymorphisms (SNPs) associated with a number of diseases tend to occur in sites predicted to mediate PPIs [6] .
Given the potential importance of PPIs to fitness, there is increasing interest in understanding the evolution of protein-protein and genetic interaction networks, as well as in clarifying the role of network architecture in determining the pace and trajectory of molecular evolution a1111111111 a1111111111 a1111111111 a1111111111 a1111111111 [3, [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] . For example, in comparing genetic interaction maps between budding yeast and fission yeast, Roguev et al. found that genetic interactions within functional modules are highly conserved, though cross-talk between modules varies between these two species [12] . In another study, Knight et al. demonstrated that the pleiotropic effects of a single adaptive mutation can be understood, at least in part, by its effects on protein co-regulatory networks [10] .
One barrier to the study of network evolution is a lack of comparative data. While highquality whole genome sequences may now be generated for multiple related organisms (e.g. [17, 18] ), experimental determination of genetic or PPI networks is difficult and often not feasible in many systems. For example, standard approaches for the determination of genetic interaction networks in yeast [2, 12] and E. coli [19, 20] require the availability of large libraries of single gene knockouts or overexpression constructs, which are then crossed in all pairwise combinations, generating tens of thousands to millions of strains whose growth rates must be assayed. Genome scale genetic interaction analysis is becoming more prevalent and will likely expand to several new systems over the coming years [21] , but remains a challenging undertaking. Similarly, studying PPI networks through affinity-purification or yeast two-hybrid approaches requires extensive human effort, facilities, and expertise [22] [23] [24] [25] . In addition, such endeavors also yield significant false positive/negative rates because of inherent limitations in the methodology and sheer technical complexity. As such, large-scale, high-quality network data appropriate for comparative analyses are available in only a very few cases (e.g. [26] ).
In addition to the technical hurdles posed by experimental determination of networks in multiple species, conceptual and analytical challenges complicate the interpretation of such large scale comparative data. For example, Ideker and Krogan [3] have encouraged the development of statistical methods for the analysis of differential network analysis, noting in particular the high variance associated with comparing interaction measures under multiple conditions (including multiple species). Additionally and importantly, it can be difficult to formulate null hypotheses concerning network evolution. Null hypotheses for DNA sequence evolution are widely used in sequence-based evolutionary studies [27] [28] [29] , but comparable null models are not readily available for network evolution. Nonetheless, in order to identify conserved PPIs, we must be able to provide null expectations concerning how much change is expected through mutation alone. Only against the backdrop of a well-formulated null hypothesis can we identify portions of a network that are particularly well conserved, or that evolve very rapidly.
Here, we take a novel approach to the study of PPI network evolution, by comparing computationally inferred PPI networks for five species of yeast: Saccharomyces cerevisiae, S. paradoxus, S. bayanum, S. kudriavzevii, and S. mikatae. S. cerevisiae, a key model organism for genetics and the first eukaryote to be sequenced [30] , has long had a high quality, well-annotated genome sequence and the best characterized proteome of any non-viral species [31] . High quality whole genome sequences for the latter four yeasts, as well as gene annotations and alignments, were recently made available by Scannell et al. [18] . As such, this set of closely related yeasts provides a powerful system for studying genome evolution, including the evolution of PPI networks.
Our computational inference makes use of the Protein-protein Interaction Prediction Engine (PIPE), an algorithm that predicts PPIs on the basis of protein primary sequence only [32] [33] [34] [35] [36] . PIPE breaks query proteins into short overlapping polypeptide segments and searches within a list of known and experimentally verified PPIs to find similar segments. The frequency of co-occurrence for a pair of polypeptide sequences from the query proteins (one sequence from each protein) that are found to be similar to a pair of sequences within known interacting proteins is considered evidence that the query proteins may interact. The decision threshold of this method can be tuned to have an extremely high specificity (99.95%), such that the predictions have relatively few false-positives. Our ability to achieve such high specificity is a distinguishing feature of PIPE [37] , and is critical when one intends to examine millions of protein pairs (effectively testing millions of hypotheses While computational inference of PPI networks offers the advantages of speed and affordability in comparison to experimental approaches, the PIPE algorithm has the potential for bias when applied to comparative datasets. For the current study, the PIPE database consists of experimentally determined PPIs from S. cerevisiae. Because PPIs are then predicted on the basis of short polypeptide sequence pairs within the query proteins that reoccur in a number of known interacting proteins, predictions may be more accurate for species closely related to S. cerevisiae than they are for more distantly related species. We do note that interactions from one species can be used to predict interactions in another, even using distant relatives such as human and yeast. However, within-species interactions have been found to be more accurate [33] .
We propose that two key problems-potential bias associated with using the PIPE algorithm for cross-species predictions, and the challenge of formulating a null hypothesis for network evolution-can be addressed using a common approach. In both cases, expectations must be formulated with respect to the effects of mutations on the inferred PPI network: in the case of controlling for bias associated with PIPE, how do random mutations affect PIPE's inferences? And, with respect to a null hypothesis for network evolution, how much change in a PPI network is expected given random mutation (i.e., mutations that are random with respect to PPIs)? We provide null expectations for changes in the inferred PPI network using simulated proteomes from the four non-cerevisiae yeasts. In the simulated proteomes, the locations of substitutions (both point mutations and insertion-deletions) are random with respect to PPIs. This is equivalent to assuming that natural selection does not operate for or against mutations that modify PPIs, as is appropriate in a null model. The rates and types of substitutions, however, are modeled on the real sequence data. As such, the simulated datasets provide a baseline expectation for how many changes we expect to infer using the PIPE algorithm, given mutation but no natural selection on PPIs. Using simulations, we propose to both mitigate bias associated with PIPE, as well as to provide a null hypothesis against which selection can be inferred. An overview of this process is illustrated in Fig 1. Given the experimental and conceptual challenges posed by the study of network evolution, the computational approaches proposed in this study should provide powerful tools for describing the evolution of PPI networks, and for making inferences concerning the action of natural selection at the network level. Importantly, in studying the evolution of PPIs and their networks, we gain additional evolutionary insights that are not apparent from the study of sequence evolution in individual genes.
Materials and methods

Sequences and gene-centered analyses
Multiple sequence alignments for five species of yeast, S. cerevisiae, S. paradoxus, S. bayanum, S. kudriavzevii, and S. mikatae, were obtained from Scannell et al. [18] . We used alignments annotated as "high quality", corresponding to 4,179 protein coding genes. This set of highquality alignments corresponds to about two-thirds of genes in the S. cerevisiae genome; gene ontology (GO) categories represented in this set of genes are given in S1 Table Scannell et al. applied standard molecular evolutionary analyses implemented in PAML (Phylogenetic Analysis by Maximum Likelihood [29] ) to the full set of high-quality alignments. Gene-averaged ω (the ratio of nonsynonymous to synonymous changes per site, dN/dS) was estimated under the M0 model; we considered the set of genes falling in the lowest 10 th percentile of ω to be highly conserved (corresponding to those genes with ω < 0.0304). Positive selection was inferred using the standard M8 vs. M7 comparison. Here, the null model M7 allows variation in ω according to a beta distribution, but does not allow any sites with ω > 1. The alternative model M8 adds an additional class of sites with ω > 1; the difference in -2ΔlnL between M7 and M8 is expected to follow a χ 2 distribution with two degrees of freedom, allowing for statistical hypothesis testing. For the purposes of comparing sets of rapidly evolving genes identified using sequenced-based and network-based methods, we applied a non-conservative threshold of P < 0.05 to identify positively selected genes.
The sequential PIPE algorithm and MP-PIPE
For a given organism, PIPE relies on a database of known and experimentally verified protein interactions to predict novel PPIs. The database represents an interaction graph G where every protein corresponds to a vertex in G and every interaction between two proteins X and Y is represented as an edge between X and Y in G. The remainder of this section outlines how, for a given pair (A, B) of query proteins, PIPE predicts whether or not A and B interact.
In the core PIPE algorithm, protein A is sequentially examined using overlapping fragments of 20 amino acids. This can be thought of using a sliding window of size 20 across protein A. For each fragment a i of A, where 1 < = i < = |A| -20 + 1, we search for fragments "similar" to a i in every protein in the graph G. A sliding window of size 20 is again used on each protein in G, and each of the resulting protein fragments is compared to a i . For each protein that contains a fragment similar to a i , all of that protein's neighbors in G (interaction partners) are added to a list R. To determine whether two protein fragments are similar, a score is generated using the PAM120 substitution matrix. If the similarity score is above a tuneable decision threshold, then the fragments are said to be similar. In the next step of the PIPE algorithm, protein B is similarly examined using overlapping fragments b j of size 20 (1 < = i < = |B| -20 + 1) and these fragment are compared to all (size 20) fragments of all proteins in the list R produced in the previous step. We then create a result matrix of size n x m, where n = |A| and m = |B|, and initialize it to contain zeros. For a given fragment a i of A, every time a protein fragment b j of B is similar to a fragment of a protein Y in R, the cell value at position (i, j) in the result matrix is incremented. The result matrix indicates how many times a pair of fragments (a i , b j ) co-occurs in protein pairs that are known to interact. It is based on this matrix that the query proteins are predicted to interact or not. The MP-PIPE system is a massively parallel, high throughput protein-protein interaction prediction engine and is the first system capable of scanning the entire protein interaction network of complex model organisms [35] . Although other PPI prediction methods exist, they all suffer from one or more drawbacks which only allow them to investigate a small portion of a given interactome and do not allow them to process all possible protein pairs. These drawbacks include a reliance on unavailable or unreliable biological data (evolutionary history, domains, 3D structure, etc.), high computational complexity leading to excessive run times, and unacceptably high error rates, among others [36] .
Generation and analysis of a null model of PPI network evolution
Phylogenetic methods were used to simulate proteomes for each of the four non-cerevisiae organisms (S. paradoxus, S. bayanum, S. kudriavzevii, and S. mikatae), using substitution and insertion-deletion (indel) parameters inferred from the true dataset. Scannell et al. [18] reported high-quality alignments for 4179 genes with strict orthologs in each of five yeast species, and provided nucleotide substitution parameters, on a gene-by-gene basis, under the M0 model in PAML [29] . Furthermore, for each gene we inferred the number and size of indels across the five-species phylogeny using a simple parsimony model. This distribution was used to estimate parameters of a power-law function using the power.law.fit() in R [38] . Nucleotide and indel parameters were then used to generate simulated gene sequences using INDELible [39] . For each gene, 100 simulated datasets were generated. Here, the S. cerevisiae gene sequence was kept constant (i.e., same sequence as the true data), and sequences for the other four species were simulated taking the S. cerevisiae sequence as the root, using the tree (S. bayanus, S. kudriavzevii, (S. mikatae, (S. paradoxus, S. cerevisiae))). S. cerevisiae is of course not the true root of the tree, but our approach is justifiable given the use of reversible substitution models.
For each of the simulated proteomes, S. cerevisiae interactions extracted from BioGRID [40] (containing 74,608 interactions) were used to infer the PPI network. MP-PIPE was run on all 400 simulated proteomes, as well as the five "real" proteomes. The predicted interactions from these five real proteomes, denoted Scer, Sbay, Skud, Smik and Spar, are available in S2, S3, S4, S5 and S6 Tables, respectively. To estimate the predictive performance of MP-PIPE, Leave-One-Out Cross-Validation (LOOCV) tests were done. To do this for a given organism, a set of positive (those known to interact) and negative (those expected not to interact) protein pairs are needed. In this case, the LOOCV tests were carried out in S. cerevisiae due to the lack of known interactions in the other yeast strains. The tests were carried out using the 74,608 known interactions and a set of 100,000 randomly chosen protein pairs (ensuring they do not occur in the known set) as the negative set. It has been shown in other studies that this is the most appropriate way to create bias-free negative interaction sets due to the lack of experimentally determined negative interactions [41, 42]. The known interactions are then tested, one at a time, by removing them from the MP-PIPE database and then attempting to predict if the proteins interact or not. These results are then combined with the predictions on the negative set. When this combined list is sorted by their prediction score, one can set a decision threshold and see, based on the LOOCV test results, what the achieved sensitivity (true positive rate) and specificity (true negative rate) were. In our case, since the density of PPI networks is expected to be very low, a decision threshold achieving an extremely high specificity is needed to minimize the number of false positives produced. A decision threshold which achieved a specificity of 99.5% and a sensitivity of 29.14% was chosen. To remain consistent across all predictions made, this decision threshold was used across all strains, both real and simulated. For more details on how these LOOCV tests are conducted see [36] .
Quantification of changes in the PPI network
If a particular interaction is inferred to be absent in a single species then the simplest assumption is that a single change-a loss of interaction-has occurred along the phylogenetic tree. However, if an interaction is predicted to be absent in more than one species, then it may be necessary to infer more than one change, depending on which species are missing the interaction. For example, in Fig 2, an interaction present in all species except for S. cerevisiae and S. paradoxus would require only a single change of state, a loss of interaction along the branch ancestral to these two species (branch marked "a"). By contrast, an interaction present in all species except S. mikatae and S. kudravzevii would require two changes: either two losses, or a loss and a gain. Thus, for each PPI inferred to be present in at least one species, we inferred by parsimony the minimum number of changes (losses or gains of interaction) required to explain the observed pattern of presence/absence of that interaction. For a binary character in five taxa, there are thirty-two possible combinations of states, with at most three changes required for any given pattern. For a given interaction between proteins i and j, we define the quantity a ij as the number of inferred changes in interaction state for the pair across the phylogenetic tree. We note that maximum-likelihood methods could also be used to infer the number of state changes, but given the small number of taxa and relatively shallow tree, parsimony should yield comparable results.
Since many proteins in the interaction network may have more than one interaction partner, for every protein i with n total interaction partners, we calculate the total number of changes in PPIs across the phylogeny (γ i ) as:
γ i is thus the total number of inferred PPI changes across the phylogenetic tree for a given protein in the network.
Using PIPE-predicted PPIs, γ was calculated for every protein in the real dataset, as well as in all 100 simulated datasets. The distribution of γ from the simulated datasets was then used as a null distribution to evaluate whether an observed true γ was unusual, i.e., particularly high or particularly low.
Species-specific analyses
In addition to changes in the PPI network across the entire tree (as quantified by γ above), we investigated lineage-specific patterns of PPI evolution for each of the non-cerevisiae species. For a given species, we identified interactions inferred to be present in the real proteome, but not in any of the 100 simulated proteomes, for that species.
Gene Ontology (GO) analysis
For sets of proteins identified as having either conserved or rapidly evolving PPIs across the phylogeny (low or high γ, respectively), we carried out GO term enrichment analysis. The Gene Ontology [43] data used was the S. cerevisiae data, version 2013-08-31. For a given GO term we would calculate its hypergeometric p-value using the four following numbers: the number of proteins in the current set associated with the given GO term, the total number of proteins in the current set, the number of proteins associated with the given GO term in the global set of proteins, and the total number of proteins in the global set.
For the sets of PPIs found to be present in the "real" interactomes of a particular species, but absent in the simulated interactomes, a modified GO analysis was conducted. Here, we were interested in GO enrichment for pairs of proteins, and as such we modified the conventional procedure for identifying enriched GO terms. For each interaction in a given set, the tags that both proteins had in common were identified. Once this was done for each pair in the set, we are left with a set of common GO terms as well a count of how many times they were common to an interaction in the overall set. A p-value could then be calculated for each GO term given the number of times it was common to an interaction, the number of interactions in the set, the total number of possible interactions within the entire proteome and the number of these pairs that share the term in question. Specific rules were used to filter the GO enrichment results. In most cases, the following rules were applied:
• p-value less than 0.05
• must be a process GO term
• at least 3 of the proteins in the set must be associated with the term (remove tags with only 1 or 2 associated proteins)
These rules were used in all cases with the exception of protein cluster analysis. Since clusters are much smaller sets of proteins compared to the other sets, the third rule was amended to allow for tags only associated with 2 proteins in the cluster. On top of this, for the cluster analysis, function GO terms were also investigated.
OSLOM cluster analysis
Dense subgraphs of an interactome can represent functionally-related proteins or proteins that interact to form protein clusters. OSLOM (Order Statistics Local Optimization Method)
[44] is a computational tool used to find clusters within a graph. OSLOM identifies statistically significant clusters with the use of a null model consisting of a random graph with the same node degree distribution as the input graph. When OSLOM is building a cluster and is considering adding a given node, it consults the null model. If the node shares many more edges with the cluster in the original graph than would be expected under the null model it can be included into the cluster, as the connections between the node and the cluster are unexpectedly strong. This process is run until no further nodes can be added to the cluster. The entire process is then repeated using a different random point in the graph until the entire graph is covered, resulting in a set of statistically significant, and potentially overlapping clusters. OSLOM was run on all of the MP-PIPE-produced interactomes to give a set of overlapping clusters within each interactome. From here, clusters from different interactomes can be compared by counting how many proteins they have in common. A similarity score was defined between two clusters as the number of proteins the two clusters have in common divided by the size of the larger of the two clusters. Using this as a scoring function will always result in a score between 0 and 1.
Similar to the species-specific analyses, clusters that existed in the real dataset, but that did not exist in any of the 100 simulated interactomes, were sought. To determine if a given cluster was unique to the real data, it was compared to all clusters in all 100 simulated interactomes. If it was determined not to match any of these clusters (here two clusters are considered a match if their similarity score is greater than or equal to 0.7) then it was deemed unique to the real data and, therefore, of potential functional importance.
For each set of putatively functionally important clusters (one set for each species), GO term enrichment analysis was carried out to determine which GO terms present in each cluster were statistically significant.
Results
Changes in PPIs across the phylogeny
Phylogeny-wide changes in PPI profiles were estimated for 4179 proteins with high quality alignments from the 5-species yeast dataset of Scannell et al. [18] . For each protein, we estimated γ, which represents the total number of interaction changes (gains or losses) over the entire phylogeny (S7 Table) . Median γ was 3.0, with a mean and variance of 10.06 and 2,001.74, respectively. The full distribution of γ is shown in Fig 3. It is clear that the bulk of proteins are inferred to experience very few PPI changes, but the long tail of the distribution suggests a subset of proteins experiencing many changes. This leads to the exceptionally high estimate of variance.
A protein's γ is correlated with its number of interactions in S. cerevisiae (i.e., its degree), such that proteins with many interactions tend to undergo more changes than proteins with few interactions (Kendall's τ = 0.488, P < 2x10 -16 ; Fig 4A) . This correlation is expected since a protein with more PPIs has more opportunities to lose interactions than a protein with few interactions.
Notably, γ is not correlated with overall rates of protein sequence evolution (Fig 4B) . No correlation is found when the rate of protein evolution is measured as the raw rate of non-synonymous substitution dN (τ = -0.012, P = 0.247), or when it is measured as ω, the ratio of nonsynonymous to synonymous substitution rates (τ = -0.014, P = 0.175; ω and dN estimated under model M0 in PAML by Scannell et al. [18] ). Thus, changes in our predicted PPI profile do not appear to be determined by overall changes in amino acid sequence and raises the possibility that additional information can be gleaned by examining changes in PPIs because of the unique properties of the PIPE algorithm.
Comparison of molecular evolution using sequence-and PPI-based methods
We compared the set of proteins whose primary sequences are conserved across the 5-species yeast phylogeny with the set of proteins whose interactions are predicted to be conserved using the PIPE algorithm. In order to identify proteins whose interactions are highly conserved between species, we generated null distributions of γ via simulation. For each of 100 simulated datasets, primary sequences for all 4,179 proteins in the yeast PPI network were simulated using substitution and indel parameters estimated from the true dataset. PIPE was then used to infer changes in PPI networks for the simulated data. Table 1 summarizes the sizes of the predicted interactomes generated by PIPE on both the real and simulated proteomes of each species. Importantly, in the simulations, the locations of mutations are random with respect to PPIs, such that differences between the real data and the simulated data are potentially attributable to selection on sites that mediate PPIs. Indeed, consistent with purifying selection on sites mediating PPIs, the number of inferred interactions in the simulated proteomes was systematically lower than the number of inferred interactions in the real proteomes (Table 1) .
Proteins whose interactions are conserved were identified as those whose γ in the real dataset falls below γ in all of the 100 simulated datasets (for P < 0.01). Here, the simulated datasets provide a null distribution for inferred changes in PPIs owing to mutation alone; these changes will reflect both true losses or gains of interactions, and false positives-i.e., changes inferred by PIPE that do not reflect true changes. A reduced true γ in comparison to the simulated datasets provides evidence that natural selection maintains PPIs by selecting against interactionaltering mutations. 936 proteins-almost a quarter of the proteome-were identified by this criterion (Fig 5A) .
We compared the set of proteins with conserved PPIs to those whose sequence is conserved. To identify sequence conservation, we used estimates of ω, the ratio of non-synonymous to synonymous substitution rates, from Scannell et al. [18] . Here, ω for each gene was estimated under the M0 model in PAML [29] , which assumes a single value of ω for a given gene. We chose the 10% (418) of genes with the lowest ω as the set of proteins with the highest level of sequence conservation. The sets of proteins identified by sequence conservation and by conservation of PPIs shared 108 proteins; this overlap is slightly larger than expected by chance (one-sided Fisher's exact test P = 0.047) ( Table 2) . Thus, there is only a weak overlap between proteins whose PPIs are inferred to be conserved and those whose primary sequence is conserved. While conserved proteins and PPIs reflect core processes that are maintained over the course of evolution by purifying selection, rapidly evolving proteins and PPIs may reflect diversifying selection over most or all of the phylogeny (e.g., [45] ). We used data from Scannell et al. [18] for sequence-based inference of rapid evolution, with 123 rapidly evolving genes identified as those with evidence for positive selection in the M7/M8 comparison in PAML [29] . Proteins with evidence for rapid PPI evolution were identified as those whose γ in the real dataset exceeds γ in all 100 simulated datasets ( Fig 5B) ; 191 such proteins were identified, "Conserved" sequence refers to the 10% of genes with the lowest ω, while "positively selected" refers to 123 proteins inferred to be under positive selection. Unusually high or low γ includes proteins whose true γ is above (rapidly changing) or below (conserved) the distribution of γ from the simulated datasets. Enriched GO processes (p<0.05) are included. Details regarding the proteins/GO terms found in each set can be found in S8 with 9 proteins shared between the two datasets ( Table 2 ). This overlap is not larger than that expected by chance (one-sided Fisher's exact test P = 0.107).
In order to gain further insights into biological processes involving proteins with conserved or rapidly changing PPIs, we carried out GO analyses for the sets of proteins with low or high γ, as well as of those genes identified as conserved or as positively selected using sequencebased methods. Largely different sets of GO terms were identified as enriched using these two approaches (Tables 2-4 ). For example, 15 GO terms were shared by the sets of proteins whose sequences or PPIs were highly conserved, with 87 and 101 unique terms respectively. GO terms unique to proteins whose PPIs are conserved, or rapidly evolving, are given in Tables 3  and 4 , respectively.
Species-specific analyses
In order to characterize interactions that may be particularly important for lineage-specific biological processes, we identified interactions that are present in the predicted interactomes of each real dataset (i.e., in each species), but absent in all of the 100 simulated datasets for that species. Absence of such an interaction in the simulated data indicates that it is disrupted by mutation, at least according to PIPE predictions. These interactions may include those that are conserved in S. cerevisiae, and that are thus likely to have been maintained by purifying selection, as well as those that are predicted to be novel interactions in the non-cerevisiae species.
The numbers of such interactions are as follows: S. bayanum: 7,552, S. kudriavzevii: 4,902, S. mikatae: 3,894, and S. paradoxus: 1,779. Interactions identified as unique to a given real interactome with respect to the null model may represent functional interactions differentiating these yeast species. As such, we carried out GO enrichment analyses to identify processes that may be particularly important in each species. Relatively few GO process terms were enriched in each species, with 20, 2, 2, and 1 significant terms in S. bayanus, S. kudriavzevii, S. mikatae, and S. paradoxus respectively (S9 and S10 Tables).
We also investigated a fifth set of interactions, consisting of the intersection of the previously mentioned sets with interactions predicted in S. cerevisiae. This set of interactions can be thought of those interactions that were completely conserved across all five real interactomes but that did not occur in any of the 4x100 simulated strains. There were 662 of these phylogeny-wide conserved interactions which were subjected to GO enrichment analysis. Enriched GO terms for these conserved interactions were compiled in Table 5 and appear to be involved in five major cellular processes: cell cycle progression, DNA organization, signalling, lipid metabolism, and carbohydrate metabolism.
OSLOM cluster analysis results
In addition to the individual PPIs examined so far, higher levels of organization, e.g., protein complexes, may also be important for the evolution of PPI networks. As such, we sought to GO Term (process) enrichment grouped by category of proteins involved in interactions which were conserved across the 5 yeast species studied here.
These interactions were also not present in any of the simulated interactomes. GO IDs were common to both proteins participating in the interaction. identify protein clusters that are potentially important in each lineage. For each interactome, clusters were identified as groups of proteins with more connectivity than expected by chance, using OSLOM. Conserved clusters were then identified as those that were absent from all one hundred simulated interactomes, indicating that they are lost easily due to mutation. These clusters were then compared to the clusters found in the interaction networks of the 100 simulated strains for each species, and we removed any clusters that were in both the real and simulated data. GO enrichment analysis was performed on the remaining clusters for each organism. The details of these clusters can be found in Table 6 .
Discussion
The availability of high quality genome sequences and annotations from five members of the genus Saccharomyces sensu strico provides a unique opportunity to study the evolution of PPI networks. We have used the PIPE algorithm [32-36] to predict interactomes for all five species, and we provide a null model for PPI network evolution by simulation. We find evidence for extensive conservation of PPIs, as might be expected given the importance of PPIs for basic cellular functions. Notably, analysis of conserved and rapidly evolving PPIs offers a unique insight into the processes that remain important over evolutionary time, as well as into those processes that might contribute to adaptation in new environments. Previous studies have compared networks from highly divergent systems, identifying core conserved pathways. However, these studies primarily examine the transcriptome either monitoring co-expression [46] 
Analysis of the PPI network
As a first step in measuring changes in PPIs, we quantified the total number of changes in the PPI profile of each protein across the phylogeny (γ). The majority of proteins experienced very few changes in their interaction profiles, with a median of 3 losses or gains of interactions per protein. As expected, γ is strongly correlated with the number of PPIs in S. cerevisiae (degree), presumably due to the increased opportunity to lose/gain interactions in proteins which interact with a larger number of partners (Fig 4A) . We identified 936 unique proteins that are inferred to experience fewer changes than expected in their interaction profiles across the phylogeny. This is not surprising as multiple PPI networks have been reported as being extremely conserved across both closely and distantly related phylogenies [19, [49] [50] [51] . However, given the species examined, our data provide unique insight into networks conserved over shorter evolutionary distances. A significant cluster is defined as one that occurs in the wild type interactome but in none of the 100 simulated interactomes for a given species. For the specific members of each cluster or for their associated GO terms, please see the S1 File.
doi:10.1371/journal.pone.0171920.t006
It might be expected that proteins which diverge rapidly at the sequence level would also diverge rapidly at the level of PPIs. Interestingly, our data do not support this expectation: γ is correlated with neither the raw rate of non-synonymous substitution dN (Kendall's τ = -0.012, P = 0.247) nor with the ratio of non-synonymous to synonymous substitution rates ω (τ = -0.014, P = 0.175). Thus, changes in the predicted PPI profiles do not appear to be determined by overall changes in amino acid sequence. Rather, it is likely that predicted changes in PPIs are mediated by substitutions in small regions of a given protein. PIPE infers PPIs on the basis of short amino acid motifs, which often represent only a very small subsection of a protein sequence. The smallest motif analyzed by PIPE (20 amino acids in length) covers only 4% of the average total protein length of 467 amino acids in S. cerevisiae [52] . PIPE exploits these motifs, which mediate PPIs, to make its predictions. Therefore, amino acid changes outside of these predicted interaction sites will likely not have a large impact on the overall PPI prediction score.
Given that changes in PPIs do not correlate well with overall rates of sequence change, we investigated the functional classes of proteins showing highly conserved, or rapidly evolving, PPIs. GO analysis of proteins involved in conserved sets of interactions showed enrichment in five core biological processes: signal transduction, cell cycle progression, chromosome integrity/DNA repair, lipid metabolism, and transport (Tables 3 and 5 ). Previous studies have identified cell cycle progression, signal transduction, chromatin repair/recombination and transport are as highly conserved processes, using sequence conservation and empirical studies of protein complex [16, 53, 54] . Our results shed further light on the conservation of these processes. For example, a key chromosome remodelling protein and member of the condensing complex demonstrated a highly conserved interaction profile. Smc2, which reorganises chromosomes during mitosis and meiosis, maintained 29 interactions across the phylogeny, eight of which were with key participants in mitotic sister chromatin segregation including the master regulator of mitosis, Cdc28.
Our results also point to the conservation of processes and pathways that have not been previously highlighted, such as lipid metabolism (which was not identified as conserved in previous studies- [16, 54] ). For example, Erg7, which catalyzes a step in the ergosterol biosynthetic pathway, maintained 21 interactions across all lineages, 15 of which were with proteins involved in lipid metabolism. Thus, these results suggest that network analysis on the basis of predicted PPIs provides a unique perspective on essentiality, and may help identify interactions which are fundamental across this phylogeny.
Identification of putatively functionally important sets of PPIs
In our phylogeny-wide analysis of changes in the PPI network, we identified a number of GO terms that were enriched in the sets of proteins with low or high levels of PPI change. A number of these terms were not enriched when we examined sequence change alone (Tables 3 and  4 ), suggesting that additional insights can be gained by investigating PPI evolution.
For example, a total of 106 yeast genes are annotated with the "GO:0006468-protein phosphorylation" term, 56 of which were identified as undergoing significantly less change than the changes observed in the simulated datasets (GO enrichment: P = 4.34x10 -12 ). We also identified GO:0016310 phosphorylation (1.24x10 -7 ), GO:0046777 protein autophosphorylation (7.79x10 -3 ), and GO:0006470 protein dephosphorylation (2.95x10 -2 ) as enriched in this dataset, strongly suggesting conservation of PPIs amongst proteins involved in phosphorylation. Consistent with this finding, kinases contain highly conserved regions which are essential to protein function [55] , and activation of protein kinases also appears to be highly conserved (e.g., [56, 57] ).
The GO term "phosphorylation" (GO:0016310) is also over-represented amongst PPIs that change more rapidly than expected (Table 4) . Different sets of phosphorylation-related proteins appear in low-and high-gamma set, with 3 phosphorylation-related proteins (all kinases) in the high gamma set, and 56 in the low-gamma set (55 of which are kinases). We were unable to find any features that distinguished the high-from the low-gamma sets (e.g., number of targets, localization, essentiality, or target type).
In addition to identifying PPIs that are conserved throughout the phylogeny, we investigated PPIs that may be particularly important to the biology of each individual species. For each non-cerevisiae interactome, we identified PPIs (or protein clusters) inferred in the real dataset, that were absent from all 100 simulated interactomes for that species. Absence of such interactions or clusters in the simulations suggests that they are susceptible to disruption via mutation, such that selection has maintained them in the real interactomes (S9 and S10 Tables).
For example, PPIs of proteins that help to facilitate amino acid transmembrane transport are conserved in the real S. bayanus interactome in comparison to the simulated interactomes (GO:0003333-9.0x10 -7 ). We speculate that such PPIs may partially underlie cryotolerance and low temperature fermentation in S. bayanus: At low temperatures, transport of aromatic amino acids is impaired due to mechanical stress caused by increased membrane rigidity. Global metabolomic analysis has suggested that S. bayanus and S. kudriavzevii upregulate shikimate aromatic amino acid biosynthesis to respond to cold stress [58] . In response to the decreased rate of transmembrane amino acid transport, the tryptophan transporter Tat2p, and others, are overexpressed [59] . These results suggest that the response to reduced aromatic amino acid levels is counteracted by upregulation of amino acid transporter genes but not alterations to transporter PPIs.
Similarly, our analyses suggest mechanisms underlying alcohol sensitivity in S. kudriavzevii. This species has been to shown to be extremely sensitive to ethanol and is less tolerant than the other species examined in this study [60] . The genes most responsible for alcohol tolerance are associated primarily with cytoskeleton organization, biogenesis, and transport particularly involving the vacuole, peroxisome, and endosome [61] . Using OSLOM cluster analysis we identified interaction clusters in S. kudriavzevii that are enriched for GO terms not found in clusters from the other strains or in the null model that may help explain this hyper-sensitivity to ethanol. Cluster 113 is uniquely enriched for 11 GO IDs associated with cytoskeleton biogenesis and organization (Table 7) as well as the ID GO:0045324 late endosome to vacuole transport (p = 3.28x10 -6 ). Other clusters were enriched for GO:0004026 alcohol O-acetyltransferase activity (p = 1.13x10 -4 ) and GO:0030242 peroxisome degradation (p = 3.03x10 -5 ). We propose that these unique interaction patterns in S. kudrivzevii which are enriched for terms associated with processes most important for alcohol tolerance help to explain this unique phenotype.
OSLOM analysis also identified a unique cluster in S. bayanus that did not appear in any simulation in any species suggesting a functionally unique complex involved in invasive growth in response to glucose limitation (GO:0004169 p = 1.41x10 -5 ). In S. cerevisiae, galactose metabolism genes can only be induced by the presence of galactose, but in S. bayanus they are also induced in response to less preferred carbon sources such as ethanol, raffinose, sucrose and glycerol [62] . Combined, these results suggest that the unique vitality of S. bayanus under glucose limitation could involve both upregulation of galactose metabolism genes and the maintenance of a protein interaction cluster involved in invasive growth.
Conclusions
In this paper, predicted PPI interaction networks were used to supplement evolutionary insights gained via traditional comparative genomic methods. We used the Protein-protein Interaction Prediction Engine (PIPE) to generate predicted interactomes for 5 closely related species of yeast. Through the use of a simulated null model, we provide strong evidence for conservation of PPIs throughout the yeast interactomes, with fewer than expected changes for about a quarter of the network. Changes in PPIs were not well predicted by sequence change, indicative of purifying selection on relatively small PPI interfaces. GO analyses allowed us to identify classes of proteins whose PPIs are conserved, that were not identified via sequence conservation alone, suggesting that additional insights are to be gained from analysis of PPI networks. Table. Comparing the significant PPIs and their associated GO term enrichment between the four non-cerevisiae species. A significant PPI is defined as a PPI occurring in the wild type data but in none of the 100 respective simulations. These were filtered to find the unique significant PPIs for each species. GO enrichment analysis was carried out on the unique significant PPIs and then unique GO terms were identified for each set of PPIs.
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